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ABSTRACT
In this work a mixed agent-based and discrete event simula-
tion model is developed for a high frequency bus route in the
Netherlands. With this model, different passenger growth
scenarios can be easily evaluated. This simulation model
helps policy makers to predict changes that have to be made
to bus routes and planned travel times before problems oc-
cur. The model is validated using several performance indi-
cators, showing that under some model assumptions, it can
realistically simulate real-life situations. The simulation’s
workings are illustrated by two use cases.
1. INTRODUCTION
In all metropolitan areas, people rely on buses as a means
of transportation. Commuters increasingly use public trans-
port to get to or go from their work or study location in these
areas. This puts a high strain on bus companies to pro-
vide a reliable and frequent service, especially during rush
hours. The procession of buses is easily disrupted by dif-
ferent factors such as congestion, traffic lights, open bridges
and passengers boarding or alighting. This causes delays,
which again may cause bus bunching. Bus bunching, the
uneven spacing of buses over a route, causes uneven load-
ing of passengers and therefore inefficient usage of material.
Furthermore, passenger satisfaction may be lower due to full
buses.
In the Randstad megalopolis in central-western Nether-
lands, several high-frequency bus lines are created to inter-
connect cities. Such a high-frequency line provides a quick
connection between places, but inherently is challenged by
these disruptive influences. This work aims to create insight
into these factors and their effect on travel time on one of
these high-frequency bus lines between the cities of Leiden
and Zoetermeer, exploited by the Arriva bus company.
We show that a combination of agent-based and discrete-
event models using the AnyLogic simulation tool1 are a suit-
1Anylogic Multimethod Simulation, http://anylogic.com/, Vis-
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able approach to visualize this bus line and create a better
comprehension of frequently occurring problems. One of the
external factors, the number of passengers, is modelled and
can be configured to analyse several passenger growth sce-
narios. The effect of these scenarios is illustrated by several
key performance indicators (KPIs), determined by Arriva.
This paper is structured as follows: In Section 2, common
domain terminology is introduced to gain a better under-
standing of the problems occurring. In Section 3, the prob-
lems occurring are described by formulating our KPIs. In
Section 4, we look into related work in this domain, and also
at other agent-based and discrete-event simulation models.
Section 5 discusses the data that is considered and the data
sets that are used. Also, the preprocessing of data that
is needed to generate our model is discussed. Thereafter,
in Section 6, the modelling choices that are made are dis-
cussed. In Section 7, the discussed model is validated using
the defined KPIs and two use cases of passenger growth are
discussed. Finally, in Section 8, we conclude this work and
possible future perspectives are briefly discussed.
2. BACKGROUND INFORMATION
In this section, we go over some basic definitions that are
needed to gain a better understanding of the problem defini-
tion and the proposed model. Furthermore, common charac-
teristics for service quality and reliability that the proposed
model provides insight into are defined.
2.1 Preliminaries
In this section, notation needed to define the bus route
and terminology used in the field of public transport are
given. Some definitions might be common knowledge, but
others are less known outside this discipline.
A group of bus lines can be seen as a graph G =
(V,E), which is a combination of a set of stops V =
{v0, v1, v2, . . . , vn} and a set of route segments E ⊆ V × V .
A stop vi is a designated place at which passengers can alight
or board the bus.
We define P to be the set of all possible bus trips:
P = {v0, . . . , vn | ∀0 ≤ i < n : (vi, vi+1) ∈ E,
∀0 ≤ h < i ≤ n : vh = vi =⇒ (h, i) = (0, n)} (1)
A bus trip p ∈ P of length n can then be seen as an
ordered sequence of n + 1 stops, where there exists a route
segment ei ∈ E from every stop vi to its subsequent stop
vi+1.
We call stops v0 and vn terminals. At these stops, the
bus changes trips. Figure 1 shows a schematic overview of
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Figure 1: Schematic overview of bus stops along one direction of a bus line with n + 1 stops. The arrow
indicates the direction in which the bus is travelling. Dots indicate possible other stops on the route. Stops
0 and n are terminal stops.
a trip.
Between stops, the bus drives these specific route seg-
ments. The time that each segment ei takes is called travel
time (TTi). Travel time can be measured between stop de-
partures, between departure at stop vi and arrival at stop
vi+1 or vice versa. We define travel time (TTi) between stop
vi−1 and vi as the time between departure at stop vi−1 and
arrival at stop vi, which is the time it takes to travel seg-
ment ei. We note that when we talk about travel time, we
talk about the time that it takes to travel a route segment
towards a stop from its preceding stop, therefore e0 is not
defined.
Bus lines can either consist of a single trip in which the
start terminal is the same as the end terminal v0 = vn, or
two trips in roughly opposite directions v0 6= vn. For the
first case we have a circular bus line, which is more common
in urban areas. In the latter case most bus stops are usually
in opposite sides of the road to allow passengers to travel in
both directions of the route.
Furthermore, stops are defined by a GPS radius. This
GPS radius is roughly 35 metres. The time the bus spends
within the radius of stop vi is known as dwell time of stop
vi (DTi). Within this GPS radius the bus stops to let pas-
sengers board or alight the bus. Doors open within a stop’s
GPS radius. The time that the bus’ doors are open within
the radius of stop vi is defined as door open time (DOTi).
Bus operators have a specific itinerary of trips that they
drive during the day, this is called the operators’ run R ⊂ P .
A run implies that operators possibly have to switch buses
at terminals. Buses also have a specific itinerary of trips
C ⊂ P which called the bus’ circulation. A bus circulation
could be on the same line, but a bus may also switch lines,
thus changing routes.
Buses can also enter or leave the system at terminals.
Some parts of the day (off-peak hours) may have longer
headways, which is the time between one bus and the next
bus on the same trip. This means total bus capacity is re-
duced and some buses return to the garage to be stored.
The drive from and to the garage is not indicated as a trip,
but is called deadhead. This happens at the start and end
of a bus’ circulation. A bus can have multiple circulations
during the day thus also having multiple deadheads.
3. PROBLEM DEFINITION
The simulated R-net 400 line has 12 buses that each are
driven along 2 specific trips. These trips are south-bound
(A-direction) from the Leiden terminal to Zoetermeer and
north-bound (B-direction) in the opposite direction. Each
trip consists of 11 stops, including terminals. Deadheads
are only made from and to the Leiden terminal. The buses’
circulations are closed for this bus line, meaning that only
these two trips are made by these 12 buses. This is because
they are part of the R-net concept2, which only allows these
specific buses to drive designated routes.
To create a reliable bus line there are some important fac-
tors that have to be optimized. In this work, the R-net 400
bus line is simulated, whilst giving insight into some of these
factors. Two main components of customer satisfaction are
waiting time and seat availability [14]. We discuss both of
them below.
Waiting time
Waiting time is mainly determined by bus punctuality and
regularity.
• Punctuality: punctuality is usually seen as being on
time. Punctuality shifts are caused by any deviation
from the scheduled arrival time at a stop. In this
paper, the term punctuality is used as the inverse,
so that an increase in punctuality defines a larger
deviation from the schedule. This can be calculated
for a single stop, or all stops of a line. For a stop vi,
we can for example calculate the average (departure)
punctuality Q¯i on a trip p as follows:
Q¯i =
ki∑
j=1
Dacti,j −Dschedi,j
ki
(2)
where:
ki: number of buses departing from stop i
Dschedi,j : scheduled departure time at stop i of vehicle j
Dacti,j : actual departure time at stop i of vehicle j
The formulation in Equation 2 has the downside that
it does not indicate if vehicles depart too early or too
late, but compensates departures that are too early
with departures that are too late. One solution is to
take the absolute value of the difference, but then trips
being too early would count as being too late.
• Regularity: irregularity is determined by any devia-
tion from the scheduled headway. Since measurements
are taken at bus stops, regularity can be calculated
between bus stop departures. For a specific bus stop
vi the average deviation from the scheduled headway
R¯i can be calculated as follows:
2R-net concept, http://www.rnet.nl/corporate/, Visited: Feb 17,
2017
R¯i =
ki∑
j=1
Hacti,j −Hschedi,j
Hschedi,j
ki
(3)
where:
ki: number of buses departing from stop i
Hschedi,j : scheduled headway time at stop i of vehicle j
Dacti,j : actual headway at stop i of vehicle j
These measures focus on the supply side, with the assump-
tion that there is a uniform arrival pattern of travellers. We
return to this assumption later when we discuss our model
assumptions.
Seat availability
Seat availability is determined by the net result of people
boarding and alighting the bus. We can calculate the
average occupancy of the bus O¯i after the bus left a stop i
as follows:
O¯i =
ki∑
j=1
i∑
x=0
POUTx,j − P INx,j
ki
(4)
where:
ki: number of buses departing from stop i
P INx,j : number of passengers boarding at stop x into bus j
POUTx,j : number of passengers alighting at stop x from bus j
All measures are determined by travel time, dwell time
and the number and type of buses. We return to these mea-
sures later, when formulating our simulation model.
The issue of optimizing customer satisfaction is a mani-
fold problem involving the optimization of waiting time, and
seat availability. This means that punctuality and regularity
need to be optimized under the constraints of seat availabil-
ity, the number of buses, travel time and dwell time. These
constraints are correlated and again dependent on external
factors such as number of passengers and traffic conditions.
By giving insight into the defined KPIs we show that we
create an understanding of this complex process.
4. RELATED AND PREVIOUS WORK
In this section, previous work that has been done on
discrete-event simulation and agent-based modelling in pub-
lic transport is discussed. Also, the combination of both
modelling approaches in related domains is given.
4.1 Discrete-event models
Discrete event simulation models the operations of a sys-
tem as a sequence of discrete events at which the state of
the system changes [12]. Each event occurs at a specific in-
stant in time and marks a change in the state of the system.
Between events, no change in the state of the system is as-
sumed, so the simulation clock jumps to the time of the next
event.
A discrete-event simulation for dynamic transit operations
has been introduced in [13]. This model is built on top of a
mesoscopic traffic simulation, which allows modelling of op-
eration dynamics. It is used to design control strategies for
high-frequency bus lines such as in our work. One downside
of their approach is the lack of a definition of microscopic
behaviour and a centralized approach. Global behaviour is
defined by flowcharts, typically with stochastic elements [2].
The difference with agent-based simulation is that micro-
level entities have no ‘intelligence’ so their aggregate be-
haviour is pre-defined. Our model incorporates this global
specified behaviour of the system, but also combines this
with decentralised specified behaviour of individual actors
within the system.
4.2 Agent-based models
Agent-based computing is a computational model, sim-
ulating the behaviour of autonomous decision making
agents [1]. The usage of agent-based models requires a de-
centralised nature of the problem, where each agent behaves
according to their objectives within their particular envi-
ronment, based on input from that environment [7]. These
behaviours usually follow simple rules, but behaviour can
be specified to be more complex as well. This decentralised
approach differs from the centralized approach of discrete-
event simulation. There is no definition of global system
behaviour, but it emerges from the actions and interactions
of agents.
Agent-based modelling is used previously to model pas-
sengers’ behaviour, when choosing for public transport
and the effect of infrastructure investments and policy
changes [6]. Here agents base their individual decisions on
cost, time, convenience and social norm. The simulation in-
vestigates passenger departure time and choice of transport.
This model, however, is mostly passenger based and inves-
tigates their choice for public transport, where our method
looks into the effect on one specific bus line.
Furthermore, agent-based models are used to examine the
effect of bus rapid transit measures such as bus lanes and
bus priority systems [9]. A comparison of design measure-
ments is made under static passenger amounts. It is shown
that several design measurements decrease passenger wait-
ing time and travel time. Our work, however, focusses more
on the dynamic passenger numbers in a static environment.
4.3 Multi-model approaches in other domains
The combination of discrete-event simulation and agent-
based modelling is created in our work using the Anylogic
tool. With this tool, several models have been created in
different fields, for example for the analysis of power and
performance of data centers [11], the outbreak response of
immunization [4] and airport checkpoint pedestrian flow [8].
In these systems, using discrete-event simulation, the
evolution of the changing system over time is captured. At
the points in time where events occur, behaviour is defined
by individual agent behaviour. This creates a hybrid
model. These models show that capturing the complexity
of a real-life situation in a model, whilst keeping model
simplicity, sometimes requires a combination of different
paradigms. Therefore this multi-model approach is also
used in our work.
5. DATA SETS AND PRE-PROCESSING
Before going into detail about the model, it is useful to
first describe the data that is used to create the model. This
will give some insight into some of the model restrictions and
assumptions that are made. Additionally, we describe the
steps that are made to preprocess the data sources used.
5.1 Data sets
We look into several internal and external data sources.
Most data sources influence travel time or dwell time directly
or indirectly. Not all data sources are used in the model as
some are not suitable or incomplete. Each of the considered
data sources is discussed and stated whether it is used.
5.1.1 Internal data sources
For the simulation, three weeks of data from the R-net 400
bus line is used. According to domain experts, these weeks
are identified as standard weeks, so these weeks have normal
passenger behaviour, no detours or other rare occurrences on
this bus line. As mentioned, the bus line is a closed system
of 12 buses with their own circulations.
Bus log
Initial bus logging data is provided as Excel data files,
which contain historic events logged by the buses’ infor-
mation systems. Several events are logged by these bus
logging systems of which the most important ones are
listed in Table 1 with their associated data fields.
Table 1: Description of the main events in the bus
log data set. Each bus logs several events each with
several data fields. The most important are listed
here.
event data fields description
stop arrival/
departure
datetime
coordinates
bus id
trip id
driver id
stop id
the arrival or departure
at a stop identified by
the bus’ GPS system.
door open/
closed
datetime
coordinates
bus id
trip id
driver id
stop id
the door opened or closed
KAR in/out datetime
coordinates
bus id
traffic light communication
in and out signal
(to and from the traffic light)
Each of the events are described in more detail:
• A stop arrival and departure is logged at the point
the bus enters and leaves the stop’s GPS radius. A
trip id combined with the date part of the datetime is
a unique identifier for that trip. For the A-direction,
trip id’s start at 1001 and each subsequent trip in
the A-direction for this route gets a trip id, which
is the next odd number. So the second trip in that
direction of the day will get the number 1003. B-
direction trips start with 1002 and each subsequent
trip is the next even number.
• The door open and door close events are within the
time that a bus is at the GPS radius of a stop. These
events are also linked to the trip by the trip id and
date.
• The KAR event requires somewhat more explana-
tion. All traffic lights on the route this bus travels
are equipped with a short distance radio (Korte Afs-
tands Radio (KAR) in Dutch). As a bus approaches
a traffic light, a radio signal is send from the bus to
the traffic light and a “message received” acknowl-
edgement is returned from the traffic light. At that
point the traffic light system tries to give priority to
the bus, based on some rules set by traffic light pol-
icy makers. After the bus passed the traffic light,
another message is send from the bus and returned
from the traffic light to indicate that the bus passed
the traffic light.
Due to a timely data export function, we are restricted to
a rather small data set of 15 working days. One of the
assumptions, also based on expert knowledge, is that this
data represents the situation in other weeks as well. To
check if there are differences between the days in the data
set we used ANOVA [10] on dwell time and travel time
to see if there are significantly different days. We did
not find any significant differences on these two measures.
We do note that these data sets only contain week days as
weekend days have different schedules/circulations. Week
days most likely do differ significantly from weekend days.
Weekend days are however less interesting for our model
as these days are most likely not when most problems will
occur.
We use most of the bus log data source. However, we
do not consider KAR events. After plotting the average
KAR time for each of the traffic lights on the route and
showing them to a domain expert, the conclusion is that
there is not much to optimize on this route.
Passenger data
Passenger data is obtained from the automatic passen-
ger check-in and check-out systems that are in every bus.
When entering the bus, passengers check-in and when
alighting, they check-out. This data is separately stored,
but is linked to a trip id. This data source is used in our
simulation and combined with the other data sources.
Bus schedules
Another internal data source that is used are the bus
schedules. Bus schedules are a table of trip ids and stop
ids. These tables indicate at which stop and time a bus
should be.
Bus circulations
Furthermore, a list of bus circulations is used. These cir-
culations are lists of trip ids for a specific bus id, indicating
which trips a bus should drive during the day.
5.1.2 External data sources
There are many external factors that determine travel
time in buses. Factors like congestion, road works, open
bridges and even weather all affect travel time. Some of
these factors might even be highly correlated, like road works
and congestion.
Road works
When road works occur, the bus company is informed
and buses are possibly redirected. Stops may be skipped
or the whole trip might change. This is a very complex
situation and not happening in our data set and therefore
we choose to omit this factor.
Congestion
Actual congestion information is available through the
National Database of Road Traffic3 (NDRT), but unfortu-
nately this is mainly focussed on highways and most of our
bus’ route is not covered. There is some historical conges-
tion information based on cellphone data at Google, but
unfortunately this data is not available for third parties.
This is why this data source also is omitted.
Open bridges
On the studied route there is a bridge. Open bridges can
be of significant influence on travel time. In the NDRT
there is also information available about open bridges.
The bridge on our route is known to frequently open dur-
ing rush hour, however, unfortunately the bridge detec-
tion system was not properly working in recent months
and data is not available. This data source is therefore
also omitted.
By looking at available data sources, we can conclude that
we do not have enough determining sources to predict travel
time, but we can look at dwell time prediction as we assume
this is mainly caused by passengers boarding and alighting
the bus at stops. Therefore, in our simulation, we used
travel time as a given factor and sample it from historical
data. How travel time is obtained is described next.
5.2 Pre-processing
The used data sources are each parsed in their own way
and combined to a total log containing all information about
each trip. The Excel files containing the passenger check-ins
and check-outs are parsed to extract counts for each of the
stops. This is combined with information from the bus log
for when the bus is at a stop. From the bus log, door open
time per stop, dwell time per stop and travel time per stop
are calculated. Door time is easily calculated as the differ-
ence between the door open and close events. Dwell time
and travel time can be calculated from arrival and depar-
ture times at stops. Coordinates of the bus log are converted
from the used Rijksdriehoek coordinate system (AME-7) to
our simulation coordinate system World Geodetic System
1984 (WGS-84) so we can plot them later in our simulation.
Additionally, the data is combined with the bus schedule to
calculate punctuality, and circulation id’s are added. The
global overview of the processed data sources is given in
Figure 2.
The total log database contains trip objects, each consist-
ing of the following data fields:
• datetime
• trip id
• bus id
• circulation id
3National Databank Wegverkeergegevens, http://www.ndw.nu,
Visited: Feb 21, 2017
circulations
bus log
schedule
passenger log
processing total log
Figure 2: Passenger check-in/out data is combined
with the bus schedule, the bus logging system and
the bus circulations. An overview per trip of events
is created. Punctuality, door open time, dwell time,
travel time are calculated in this processing step.
The combined data is stored by trip in a database
called the total log.
• driver id
• per stop:
– coordinates of the stop
– travel time to stop (departure previous stop - ar-
rival current stop)
– dwell time (arrival current stop - departure cur-
rent stop)
– door open time (door closed time - door open
time)
– punctuality (departure current stop - scheduled
departure)
– check-ins and check-outs
As shown in Section 6 that this data is sufficient to start
creating our model. Unfortunately we have to deal with
some missing data as well. After inspecting the data, around
11% of all trips had one of the following errors: missing
stop arrival or departure data point, missing door open or
door closed event, whilst check-ins or check-outs occur, or
incorrect timestamps. In some cases, departure happened
before arrival. These incorrect data points are omitted and
not used for creating the model.
6. APPROACH
In this section, the modelling choices made and how they
are implemented are described. A global overview of the
model is given first. Secondly, the modelling of passenger
growth is discussed. Thereafter, the visualization of the
model is explained and some of the model assumptions are
discussed.
6.1 Model overview
We start out by creating a model for simulating a regular
working day. Bus routes are drawn on a map using the
stop coordinates of the specific trips and defined segments
in between them. This simulation is set to run a working
day, starting at 5:00 AM, ending at 1:00 AM the next day.
Within this time frame, all daily trips on this line take place.
Buses are generated with discrete-event simulation. Gen-
eration time is based on the bus’ circulation. Buses are
placed at the coordinates of the first stop, so the deadhead
is not shown.
Passengers are then generated by the discrete-event
simulation. We know the distribution of passengers that
have travelled with specific trips from our data. On
high-frequency bus lines such as ours, passengers arrival
rates usually follow the Poisson distribution [5, 3]. We have
therefore modelled the distribution of passenger arrival
rates as in Equation 5.
Bij ∼ λ
k
ije
−λij
k!
(5)
where:
Bij : the number of passengers boarding at stop i for trip j
λij : the arrival rate at stop i within the scheduled headway
of trip j
k: the number of arrivals, k ∈ N
Buses and passengers are generated as agents and act ac-
cording their own set of rules. These rules are specified next.
6.1.1 Agents
The two main type of agents that are defined are buses and
passengers. However, for convenience, a bus stop agent type
is also created. As stated in Section 4, an agent’s behaviour
can be as simple or complex as we define it to be. This allows
to create helper agents, such as bus stops, to interact with
other agents. Agent behaviour is specified using state chart
diagrams, resembling the real life behaviour of the objects
represented. Each state and transition in these diagrams is
additionally programmed to follow certain behavioural rules.
These rules are described in more detail in the following.
Bus agent
After bus agents are generated, bus agent’s behaviour is
specified in the form of a state chart diagram in Figure 3.
The blocks are programmed to the following rules:
• Holding: if the bus is at the initial stop of the trip,
the bus is held until the scheduled departure time of
that trip. After that, from the historical departure
distribution for that trip, a value is drawn. The bus
will then depart, according to that drawn departure
time, from the first stop. If the bus is at any other
stop, the holding state is not used.
• (Un)loading: if not at the initial stop, the bus, de-
pending on passengers, will simultaneously load and
unload them. At the first stop, the bus will only load
passengers and at the last stop, the bus will only un-
load. In these steps, the bus agent interacts with pas-
senger agents. A message is first send to passengers
currently travelling on the bus. If the stop is at any of
the passengers’ destination, the bus will unload them.
A message is also send to the passenger agents waiting
at the specific stop. This is not done directly, but
through the mentioned helper agent, the stop agent.
Based on the number of passengers waiting at the stop
and the capacity left after unloading, the bus will send
a message to the stop agent, containing the number of
passengers that can be loaded. Then, the stop agent
unloading
holding
loading
moving
Figure 3: Bus agent state chart diagram. Holding
indicates the bus is waiting without passengers un-
til it is scheduled to departure. (Un)loading is the
process of passengers alighting or boarding the bus.
The moving state means the bus is moving from one
stop to the other.
sends a message to the passenger agents at the stop,
telling them to board.
The time it takes to load and unload passengers is
determined by a linear model. The determination of
the coefficients of this model is discussed later in this
section.
• Moving: after loading and unloading, the bus is mov-
ing from one stop to the next. The time this takes is
drawn from the historical distribution of travel times
for that specific trip. Just before departing, the bus
will send a message to all passengers that are travel-
ling on the bus, so that passengers that boarded can
change states.
Passenger agent
Passenger agents are the other main agent type in the
model. Passengers are generated and have their origin and
destination stored. The point at which they appear on the
GIS map is at their stop of origin. Passenger behaviour is
described in Figure 4.
The following states are identified:
• Waiting: The passenger is waiting at a stop. At this
point the passenger is waiting until the next bus arrives
at that stop. Since multiple passengers may wait for
the bus, a FIFO queue of passengers is held. This is
actually done by a helper agent, called the stop agent.
Its main action is to queue passengers and to release
a number of passengers from the queue. This is done
after a message is received from a bus agent, that it
arrived at that stop.
• Boarding: When the bus arrives, the queue is (partly)
emptied by the stop agent and the passenger is board-
ing the bus.
waiting
boarding
travelling
alighting
arrived
Figure 4: Passenger agent state chart diagram.
• Travelling: When the last passenger at the stop is
loaded or the bus is full, all passengers on the bus
get a message from the bus that it enters the moving
state. This is a signal for the passenger to move to the
travelling state.
• Alighting: Once the bus has arrived at a stop, all
passengers on it receive a message from the bus that
it has arrived and if this is a passenger’s destination
stop, the passenger moves to the alighting state.
• Arrived: After the passenger has alighted, it is at its
destination and can leave the system.
6.2 Passenger growth
To simulate passenger growth, the effect of passenger
growth on total time travelled has te be determined. To-
tal travel time between terminals is the sum of travel times
and dwell times between stops
∑
i
TTi +DTi.
Dwell time is defined as the time spent within the GPS
radius of a stop, including door open time. Dwell time is a
combination of a part that is driven within the radius and
a part that is stopped in the radius. We assume that the
dwell time is mostly determined by the door open time. We
formulate dwell time as the sum of door open time and add
a random value drawn from the historic distribution when
no passengers got into the bus at this stop. This distribution
holds information about actual drive time of the GPS radius.
This combines to Equation 6
DTi = DOTi +DTi(0) (6)
where:
DTi: dwell time at stop i
DOTi: door open time at stop i
DTi(0): dwell time when no passengers got in at stop i
Door open time is again mainly determined by passengers
boarding and alighting. We have determined the door open
time at all intermediate stops as can be seen in Equation 7.
DOTi = 6.4 + max(2.8 · CIi; 1.3 · COi) (7)
where:
DOTi: door open time at stop i
CIi: n.o. passengers got that in at stop i
COi: n.o. passengers got that off at stop i
Factors are determined by ordinary least squares linear
regression. For most stops, the difference in parameters of
the regressors are minimal, which is why we choose to use
a single linear model for all stops. The exceptions are the
terminal stops at which we just sample from the historical
departure time.
We already discussed the passenger arrival distribution at
a stop for a specific trip, but not the number of passengers
that actually arrive at the stop for that trip. The sum of
passenger travels during a day can be specified as an origin-
destination (O-D) matrix. For our specific line, the average
O-D matrix for a day is shown in Figure 5.
We know the check-in and check-out distribution of pas-
sengers over the stops from these matrices and we also know
the number of check-ins for every combination of stops and
trip id from our data. Combining this information, passen-
gers can be accurately generated.
To show the model can be used to analyse cases with a
change in the number of passengers, an Excel spreadsheet
in which the increase or decrease of passengers can be spec-
ified is created. This way, different predictions on passenger
growth can be easily evaluated and their effect on several
KPIs will become apparent.
In this spreadsheet, a global in/decrease of passengers can
be set. This can also be specified for each direction of the
route. Moreover, if we really want to be specific, an increase
for a scheduled trip in number of passengers can be specified.
Each of these specifications can be narrowed down to specific
stops, such that the change only effects these stops.
This is useful, since there might be cases where some stops
may have a larger growth, e.g. due to a new company close
to the stop. These passengers may also travel specifically to
another stop or spread out over the subsequent stop accord-
ing to the historical distribution.
These factors alter the underlying O-D matrices on which
the generation of passengers is based.
By making these options available in an easy to use man-
ner, policy makers are able to analyse different scenarios and
make solid conclusions about passenger growth.
6.3 Visualization
To visualize the results of our model, we have created
two options. The first option is a single simulation in which
each modelled agent can be seen on a geographic (GIS) map,
based on OpenStreetMap4. This simulation runs a single
4OpenStreetMap, https://www.openstreetmap.org/, Visited:
Feb 22,2017
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Figure 5: Average daily Origin-Destination (O-D)
Matrices for both route directions. O-D Matrices
give the number of passenger that travel between
different stops.
working day and the user can specify the speed of the sim-
ulation between 1
4
-th of real-time and 500× real-time. This
visualization allows policy makers to see in detail the effects
that some of their policies have and where problems occur.
A screenshot of this visualization can be seen in Appendix A.
The second visualization option is more of a meta-
visualization. This visualization is a dashboard of KPIs.
The indicators are chosen in accordance to what policy mak-
ers find useful. The main indicators are: punctuality, oc-
cupancy and regularity. For each of these indicators, an
overview can be seen per stop. Moreover, a detailed view
for each of the stops can also be viewed to show behavioural
trends during the day. Furthermore, the average number of
passengers, dwell time and travel time per stop are shown.
These are used to validate our model, which we discuss in
Section 7.
6.4 Model assumptions and limitations
Several assumptions are made to create the simulation
model. These assumptions are listed here. Details about
why they are made are discussed, including their effect on
accuracy of the model.
Our first assumption is that all passengers in the data
represent all passengers that travel by bus. Apart from er-
rors in the chipcard system on which the counts are based,
passengers still have the possibility of buying a ticket at the
bus driver. This is not registered by the system and does
affect several of our models’ variables. Moreover, a person
buying a ticket most likely has a larger effect on dwell time
than a person using the automated chipcard. However, from
revenue statistics is shown that the number of people that
buy a ticket on this specific bus line is less than 1%. We
also performed a small case study during rush hour to count
how many people bought a ticket. Between 6AM and 11AM
on two separate mornings, only 1 person bought a ticket on
the bus. Since this is such a small effect on total statistics,
we choose to disregard it.
Since we only know the number of passengers that got in
at a specific trip, we had to make an assumption of passen-
ger arrival rates. From literature, we assume that on this
high-frequency line, the number of passengers that arrive
is Poisson distributed. We have to note, however, that in
off peak hours the schedule is changed and the longer the
scheduled headway between buses is, the less likely this as-
sumption holds. People may start to schedule their arrival
more. Furthermore, this assumption does not directly use
external factors, such as a train arriving with lots of transit
passengers, or work schedules of commuters.
For our passenger growth model, we allow to specify a
certain growth percentage on different stops or even differ-
ent trips. However, we do not allow to specify growth be-
tween different times of days, other than specifying growth
for several specific trips. Some passengers may change their
behaviour according to several factors. If certain bus trips
approach their capacity limit, some of the passengers may
change their mode of transportation or the time of day at
which they travel. These effects are hard to account for,
and more research is needed to see whether this may actu-
ally happen and at what scale.
Some assumptions of our travel and dwell times calcula-
tion are made. As mentioned, travel times are only depen-
dent on the specific trip and no dependence between sub-
sequent trip segments or trips is modelled. In reality, there
is a strong association between travel times of subsequent
trips and also of trip segments. If we want to model this
assumption by drawing from our historical distributions we
do not have enough data. To do this we would have to cre-
ate a general travel time model. This is unfortunately very
difficult as many external factors contribute to travel time
which are not all captured within (public) data sources.
Another assumption that is made is that dwell time is
mainly determined by the time the door opens. The decel-
eration and acceleration of the bus are assumed to be negli-
gible factors, but in fact they are contributing to dwell time.
Moreover, the bus may still accelerate or slow down outside
the GPS radius of the stop, which may be represented within
our travel times.
Also, the door open time is linearly determined by the
number of check-ins and check-outs. There is a quite high
variability between passengers which we did not account for.
This variability may have different causes, such as passenger
behaviour, bus driver behaviour or the layout of the stop.
We could also think that the time of day may affect passen-
ger behaviour as commuters during rush hour may be more
hastily than passengers off-peak. We did not take this into
account. Also, we assumed that there is no difference be-
tween bus stops that contributes to dwell time. Part of the
R-net concept is not only to have special buses, but also for
example the design of bus stops. Bus stops are designed in
a uniform matter. Not all bus stops on this line are R-net
designed bus stops, but most of them are. This is why we
assumed no differences between bus stops in this linear door
time model.
7. EXPERIMENTS
In this section several cases that are analysed from our
model are described. First, the base model is validated using
numerical analysis on dwell time, travel time, punctuality,
occupancy and regularity. Thereafter, two passenger growth
scenarios are simulated and their effect on different KPIs is
shown.
7.1 Model validation
First, metrics of the base model are compared to numer-
ically calculated solutions. The most important factors are
travel time and dwell time as they affect all other KPIs di-
rectly. After that, punctuality, occupancy and regularity
are compared. Since there are no measurements on waiting
time, a Poisson distributed arrival rate is assumed for pas-
sengers as described earlier. For waiting time therefore no
comparison can be made with the numerical analysis of the
data. Comparisons made are based on means taken over 100
simulation runs versus means computed from the data.
Travel time
We first compare travel time. We have computed aver-
age travel time for each trip segment in seconds for both
directions and listed results by stop number in Table 2.
Since travel time is sampled from the data, means are very
close to the data. In fact, the simulation’s means should
eventually converge towards the numerical means. Since
for 100 simulation runs the MAE on travel time is already
within tenths of seconds, we conclude from these results that
the amount of simulations chosen is acceptable to approach
the data means. We do note that this in fact does not say
that the model correctly samples the data at the level of an
individual trip, but this is seen later when KPIs on a trip
level are shown.
Dwell time
Secondly, dwell time is inspected. Dwell time is con-
structed using the aforementioned linear model for door
open time, based on passengers boarding and alighting and
a distribution of dwell time when no passengers got in. The
dwell time means per stop are shown in Table 3.
The mean absolute error (MAE) taken over stop averages,
is in a different order of magnitude for dwell time than for
travel time. The travel time MAE over all stops is only 0.67
and 0.34 seconds over the A and B-direction respectively,
where average dwell time is 4.70 and 3.28 seconds. The same
is seen from the relative error. The mean relative error is
0.69% and 0.34% for travel time and 10.88% and 8.85% for
dwell time.
Interestingly, in most cases dwell time is overestimated,
Table 2: Comparison between simulation and nu-
merical means of traveltime to each of the stops in
both directions from the previous stop. Means of
the model are taken over 100 simulation runs. Data
means are taken over all data.
direction stopnr data
(s)
model
(s)
| diff |
(s)
| diff |
(%)
A 0 NA NA NA NA
A 1 213.83 213.31 0.52 0.24
A 2 28.09 28.63 0.55 1.95
A 3 111.69 112.60 0.91 0.81
A 4 240.01 239.6 0.39 0.16
A 5 52.72 52.33 0.39 0.74
A 6 182.91 185.29 2.38 1.30
A 7 138.38 139.47 1.09 0.79
A 8 37.57 37.46 0.11 0.28
A 9 42.45 42.63 0.18 0.42
A 10 89.05 89.25 0.20 0.22
AVG 0.67 0.69
B 0 NA NA NA NA
B 1 100.26 100.75 0.49 0.49
B 2 52.07 52.66 0.63 1.21
B 3 29.86 29.92 0.06 0.20
B 4 143.76 143.18 0.58 0.40
B 5 187.59 187.68 0.09 0.05
B 6 54.19 54.26 0.07 0.13
B 7 225.48 224.71 0.77 0.34
B 8 105.03 105.35 0.32 0.30
B 9 27.53 27.35 0.18 0.67
B 10 220.30 220.12 0.18 0.08
AVG 0.34 0.39
but not in all cases. Since most of the door open times have
a right-skewed distribution, the linear model might slightly
overestimate most dwell times as it uses least squares regres-
sion on the means and not the medians. This does however
not explain why the model underestimates dwell time in
some cases. On the contrary, braking and accelerating are
not taken into account, which could mean dwell time is un-
derestimated. A combination of these factors might explain
the difference, but also other factors might cause variations.
Also, the assumption that there is no difference in dwell time
between stops might not completely hold. Different traffic
conditions around the stop might affect dwell time and GPS
radii might not be accurately defined.
However, even though differences on dwell time are signif-
icantly higher (several seconds) than travel time we are con-
vinced it is still accurate enough to create a truthful model,
which can give actionable insight.
Punctuality
Dwell time and travel time determine the performance of
the KPIs. It is therefore interesting to look at the perfor-
mance of these indicators. The first indicator we look at
is punctuality. For this indicator, means per stop are com-
pared. This is shown in Table 4. Punctuality here is defined
as the deviation from the scheduled departure time in sec-
onds.
Punctuality is determined by the accumulated sum of
travel time and dwell time. simulations’ average travel time
is almost equal to the data’s average travel time, we know
Table 3: Comparison between simulation and nu-
merical means of dwell time for each of the stops.
Means of the model are taken over 100 simulation
runs. Data means are taken over all data.
direction stopnr data
(s)
model
(s)
| diff |
(s)
| diff |
(%)
A 0 NA NA NA NA
A 1 61.19 59.76 1.43 7.21
A 2 50.71 54.26 3.55 0.16
A 3 52.28 55.16 2.88 0.96
A 4 25.59 29.97 4.38 14.56
A 5 29.08 30.91 1.84 1.28
A 6 29.32 30.65 1.33 2.01
A 7 28.78 32.04 3.25 1.72
A 8 18.80 28.77 9.97 30.92
A 9 31.08 44.79 13.71 39.08
A 10 NA NA NA NA
AVG 4.70 10.88
B 0 NA NA NA NA
B 1 46.17 55.06 8.89 16.97
B 2 31.26 34.53 3.27 9.78
B 3 31.10 32.60 1.50 2.05
B 4 28.49 26.41 2.08 14.77
B 5 32.43 31.91 0.52 7.46
B 6 33.62 33.86 0.24 4.25
B 7 49.26 55.92 6.66 2.64
B 8 50.35 50.23 0.12 6.04
B 9 59.05 52.81 6.24 15.71
B 10 NA NA NA NA
AVG 3.28 8.85
that the differences between punctuality from the data and
the model happen mainly because of the variations in dwell
time. We can also see this from the data. Dwell time vari-
ation (and a small difference in travel time) is accumulated
and shown in both directions.
However, another factor is at play, which is the departure
punctuality at the first stop of the trip. Since the bus departs
there, departure punctuality is sampled from the data just
like travel time, if the bus is early. This is because the
linear model does not apply directly for this first stop as
many other factors, such as bus driver behaviour, influences
dwell time here. Some bus drivers choose to load passengers
earlier than others. There is too much variance when the
bus is too early. This method does however cause an offset
in departure punctuality at the first stop in both directions.
It is useful to look at average data for each stop, but we
can also aggregate data for each trip, averaging the data for
all stops on that trip. By comparing trips, punctuality fluc-
tuations over the day are shown. This is shown in Figure 6.
What is seen from this figure is that punctuality does
follow the same general trend as the data over the day, but
when looking at the level of individual trips, a lot of variation
between the simulation is seen. In general, punctuality is
overestimated, due to the effect of dwell time overestimation.
This is something we do have to take into account when
interpreting the model.
What policy makers can gain from this figure is a general
trend over the day. There are high peaks during rush-hour
(which can be identified, since trip id’s are incremental by
time of day), but also there seems to be a peak in both
Table 4: Comparison between simulation and nu-
merical means of punctuality for each of the stops.
Means of the model are taken over 100 simulation
runs. Data means are taken over all data.
direction stopnr data (s) model (s) | diff | (s)
A 0 139.17 149.71 10.54
A 1 125.42 133.50 8.08
A 2 144.20 155.74 11.54
A 3 128.65 143.12 14.47
A 4 94.64 113.07 18.43
A 5 116.29 137.07 20.78
A 6 88.77 110.99 22.22
A 7 76.21 101.41 25.20
A 8 72.73 107.75 35.03
A 9 86.03 134.96 48.93
A 10 NA NA NA
MAE 21.52
B 0 86.66 96.29 9.62
B 1 64.82 82.91 18.09
B 2 87.73 109.28 21.55
B 3 88.36 111.63 23.26
B 4 80.64 101.50 20.86
B 5 60.75 81.41 20.66
B 6 88.25 109.50 21.25
B 7 74.91 102.29 27.38
B 8 49.34 77.53 28.19
B 9 28.07 50.15 22.07
B 10 NA NA NA
MAE 21.29
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Figure 6: Average punctuality over all stops in sec-
onds of 100 simulation runs by trip id vs numerical
means of punctuality by trip id.
directions somewhat later in the evening.
Occupancy
The next indicator is occupancy. Occupancy measures
how many passengers (pax) there are in the bus at the point
that the bus departs from a stop. It is the summed differ-
ence of all check-ins and check-outs for that trip, up till and
including the stop. Passengers are generated based on the
data for a scheduled trip time. If the bus is too early or too
late, they might take another bus, which decreases the occu-
pancy in one bus, but increases it in the other. Large punc-
tuality variations between trips, which are analysed later as
regularity, might directly affect occupancy in this way.
In Table 5, the average occupancy after each of the stops
is compared to the data.
Table 5: Comparison between simulation and nu-
merical means of bus occupancy for each of the
stops. Means of the model are taken over 100 sim-
ulation runs. Data means are taken over all data.
direction stopnr data
(pax)
model
(pax)
| diff |
(pax)
A 0 21.32 21.36 0.04
A 1 20.14 21.14 1.00
A 2 21.00 22.46 1.46
A 3 20.15 22.20 2.05
A 4 19.51 21.51 2.00
A 5 18.87 20.80 1.93
A 6 18.74 20.65 1.91
A 7 17.42 19.25 1.83
A 8 16.71 18.47 1.77
A 9 13.16 14.50 1.34
A 10 NA NA NA
MAE 1.53
B 0 13.11 13.09 0.02
B 1 16.71 16.76 0.05
B 2 17.46 17.58 0.12
B 3 18.80 18.96 0.16
B 4 18.93 19.22 0.29
B 5 19.63 20.10 0.47
B 6 20.28 20.85 0.57
B 7 20.97 21.37 0.39
B 8 20.30 20.91 0.61
B 9 20.01 20.58 0.57
B 10 NA NA NA
MAE 0.32
There is only a minor difference between the data and
the simulation. This does say that passengers are generated
correctly, but since the data is averaged, we can not directly
see if passengers get on the bus that they are scheduled for.
It is therefore again useful to look at the bus occupancy for
each trip. Not only can trips that are close to capacity be
seen, this can later on be related to variations in regularity.
The occupancy over the day is shown in Figure 7.
Again, over the day, bus occupancy in the simulation is
very close to the data, even on a trip level. We can there-
fore conclude that, even though there are some differences
between the data and simulation’s punctuality, there are no
large differences between occupancy of trips.
These graphs are again also interesting for policy makers
to see general trends over the day. The occupancy is obvi-
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Figure 7: Average number of passengers in bus
(pax) of 100 simulation runs over all stops by trip
id vs numerical means.
ously high during rush-hours. These buses have 44 seats, so
what we see is that, even on average, the bus is already close
to capacity on some trips.
Regularity
Regularity says something about the difference between
the scheduled headway and the actual headway. The larger
this difference, the more some buses will be under or overca-
pacity. We see that there are some variations in punctuality
with the data, but that occupancy does not seem to suffer
from that. It is therefore interesting to look at regularity.
We calculate regularity from the time a bus departed from a
stop and the time the next bus departed from that stop. If
all buses are delayed for the same amount of time, regularity
will not suffer. However, if one bus is delayed more than the
next, it will have an effect on regularity. Average results are
shown in Table 6.
We see that there is an overestimation of regularity. This
means that in the simulation, the variations in punctuality
between trips are larger than those in the data. The sched-
uled headway therefore has a large difference with the actual
headway variation. This difference seems to be especially
prominent during rush-hours when scheduled headways are
only 300 seconds. We can also see this effect in Figure 8.
From this plot is seen that regularity seems to be worse
in the simulation than in the actual data for all trips. Some
effects may contribute to this result. Correlations between
travel times of subsequent buses are not specified, whilst
in reality there is a strong association between them. This
means that one bus could be very fast, because of “lucky
sampling”, whilst the next bus could have had slow travel
Table 6: Comparison between simulation and nu-
merical means of regularity for each of the stops.
Means of the model are taken over 100 simulation
runs. Data means are taken over all data.
direction stopnr data model | diff |
A 0 0.196 0.247 0.051
A 1 0.205 0.267 0.062
A 2 0.213 0.275 0.062
A 3 0.213 0.297 0.084
A 4 0.221 0.327 0.106
A 5 0.228 0.336 0.107
A 6 0.231 0.349 0.118
A 7 0.230 0.356 0.117
A 8 0.242 0.362 0.120
A 9 0.247 0.369 0.122
A 10 NA NA NA
MAE 0.095
B 0 0.147 0.247 0.099
B 1 0.164 0.268 0.104
B 2 0.175 0.276 0.101
B 3 0.185 0.298 0.112
B 4 0.193 0.328 0.135
B 5 0.203 0.337 0.134
B 6 0.211 0.350 0.139
B 7 0.238 0.359 0.120
B 8 0.251 0.364 0.113
B 9 0.258 0.373 0.114
B 10 NA NA NA
MAE 0.117
times. In reality, these are most likely linked to some exten-
sion and variation in regularity therefore less. Furthermore,
every small variation in our dwell time calculation might
add up to a larger difference, depending on the number of
passengers boarding or alighting the bus. Since these differ-
ences are especially large during rush-hour, as can be seen
from Figure 7, regularity is also directly influenced.
Nonetheless, in all of the KPIs is seen that the general
trend of the data is followed. This helps us conclude that,
under some assumptions, we can start to simulate scenarios
of passenger growth. The base model has some limitations
with respect to prediction of dwell time and as an effect, also
overestimating punctuality and regularity, especially during
rush hour. However, looking at occupancy, this does not
seem to directly affect the bus that passengers get into sig-
nificantly.
7.2 Use case: passenger growth
Now that the base model is validated, two realistic sce-
narios are simulated using the model. Two scenarios are
simulated as an example, but using a general input format
allows a policy maker to easily simulate all possible passen-
ger growth scenarios, varying specific stops, trips or direc-
tions at which the growth takes place. Growth results are
compared for each use case to the results of the base simu-
lation and results are listed.
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Figure 8: Average regularity over all stops by trip
id of 100 simulation runs vs numerical means.
10% passenger growth
The first scenario simulates a 10% passenger growth on
this specific bus line in both directions. This is a realistic
scenario as last year a growth of 16% of passengers is al-
ready realised by this specific line5. The Excel spreadsheet
is configured to set a growth percentage of 10%, indepen-
dent of direction, stop or trip and the effect on KPIs is seen
in Table 7 in the 10% columns.
The effect on the KPIs is immediately apparent. Punctu-
ality increases at almost every stop in both directions. Dwell
time increases linearly with the passengers due to passengers
boarding and alighting. As every stop has a 10% increase
in passengers, punctuality suffers more and more. On some
stops this has an even larger effect due to a larger absolute
increase of passengers, which are derived from the O-D ma-
trices seen in Figure 5. Delays propagate throughout the
rest of the trip. This is of course under the assumption that
the bus driver can not drive any faster to make up time.
This effect can also be seen when looking at punctuality
by trip id as seen in Figure 9.
For occupancy, a very clear increase over the stops can be
observed. Indeed, after every stop, there are on average 10%
more passengers in the bus. In Figure 10 is also seen that
for almost every trip there are more passengers, on average,
in the bus.
The effect on regularity is less direct. We might expect
that busy trips will get busier and therefore also have a
larger effect on dwell time than less busier subsequent or
antecedent trips. This would create a larger headway be-
5R-net growth, https://www.zuid-
holland.nl/kaart/nieuws/@13327/reizigersgroei-rnet/,Visited:
Feb 23, 2017
Table 7: Results of two growth scenarios compared
to the base model. A 10% increase in passenger
growth on all stops and a 25% passenger growth
scenario on stops up till stop 4 in the A-direction,
where passengers check out at stop 4 and a 25% pas-
senger growth on stop 6 in the B-direction where
passengers check-out at subsequent stops. Punctu-
ality, occupancy and regularity differences per stop
are shown.
punctuality diff occupancy diff regularity diff
direction stop +10% +25% +10% +25% +10% +25%
A 0 0.86 -0.10 2.17 5.27 0.000 0.005
A 1 -0.03 1.96 2.04 6.12 0.002 0.007
A 2 1.38 4.42 2.09 6.94 0.001 0.006
A 3 2.31 6.50 1.95 8.14 0.002 0.004
A 4 2.99 25.53 1.90 0.19 -0.001 0.007
A 5 4.03 25.42 1.79 0.12 -0.002 0.006
A 6 4.27 24.63 1.80 0.09 -0.002 0.005
A 7 4.99 24.40 1.64 0.15 0.000 0.005
A 8 5.84 23.86 1.57 -0.96 0.000 0.005
A 9 6.36 23.56 1.23 -0.76 0.002 0.006
A 10 NA NA NA NA NA NA
AVG: 3.30 16.02 1.82 2.53 0.000 0.006
B 0 2.03 9.38 1.21 -0.01 0.003 0.020
B 1 4.24 9.89 1.60 0.06 0.001 0.018
B 2 4.97 10.03 1.64 0.02 0.001 0.019
B 3 5.21 10.14 1.75 0.01 -0.001 0.019
B 4 6.12 9.97 1.77 -0.01 0.003 0.020
B 5 6.35 9.52 1.83 -0.02 0.003 0.018
B 6 7.15 10.92 1.89 0.21 0.002 0.017
B 7 9.06 11.37 1.95 0.15 0.002 0.016
B 8 10.61 11.29 1.86 0.13 0.002 0.017
B 9 11.14 10.58 1.84 0.12 0.002 0.017
B 10 NA NA NA NA NA NA
AVG: 6.69 10.31 1.74 0.07 0.002 0.018
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Figure 9: Average punctuality over all stops by trip
id of the base model and two passenger growth sce-
narios. Results are averaged over 100 simulation
runs.
tween them, which will cause regularity to suffer. There are
however other effects that take into place. The number of
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Figure 10: Average occupancy over all stops by trip
id of the base model and two passenger growth sce-
narios. Results are averaged over 100 simulation
runs.
seats in our buses is 44, which is already exceeded for some
trips without passenger growth. The model has a maximum
of 60 passengers per bus. If passengers can not get into the
bus, because it already is full, they will have to wait for the
next bus. This might affect regularity as passengers spill
over to the next bus. This means that the next bus could
also be delayed more, which may have a positive effect on
regularity. Furthermore, if a bus is delayed more than its
scheduled headway with the next bus, it will pick up pas-
sengers for that bus as well, which will delay it further. The
effect of all these factors influence regularity. The net effect,
as is seen from the average regularity, seems to be rather
neutral. There are some stops that have improved regular-
ity, but there are also some stops that have a slightly worse
regularity and stops that are equal. This effect can also be
seen from regularity by trip id in Figure 11. Some trips have
a better regularity, whilst other trips have a worse regular-
ity. In general, regularity follows the same trend as the base
model and differences are nihil.
25% passenger growth on a specific stop
The next scenario simulates a 25% passenger growth sce-
nario on specific stops in both directions. This again is not
an unrealistically high growth scenario as one of the stops al-
ready encountered a 51% passenger growth in a single year.
Growth percentage are set to 25% at stops 0 to 3 in in the A-
direction. All these passengers check-out at stop 4. We also
increase the number of check-ins at stop 6 in the B-direction.
These are opposing stops.
The city of Leiden is currently working on a parking plan,
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Figure 11: Average regularity over all stops by trip
id of the base model and two passenger growth sce-
narios. Results are averaged over 100 simulation
runs.
causing a radical reduction of car parking spots in the inner
city. These stops are just outside the city and have a park-
and-ride opportunity. People from all inner city stops may
travel towards this park-and-ride and travel from it to the
inner city.
The results on the KPIs are again shown in Table 7. From
this table can be seen that punctuality increases on the stops
up till stop 4 in the A-direction due to people getting in the
bus. Since all these people alight at stop 4, this is where
punctuality mainly increases. This affects the rest of the
trip as well, since the bus is already late.
In the B-direction a general increase in punctuality is
present over all stops. This may seem strange at first, since
only the number of check-ins at stop 6 is increased, but since
trips in the A-direction are delayed in such a way, the buses
cannot depart at stop 0 in the B-direction on time. This
causes an offset in punctuality. This punctuality slightly in-
creases from stop 6 on as people alight from the bus. Since
the increase in passengers is not specifically for individual
trips, we see a general increase in punctuality over all trips
from Figure 9.
For occupancy, the increase in the A-direction on the stops
before stop 4 is seen. For the B-direction there is a small
increase from stop 6 in occupancy. This seems a lot less than
in the A-direction, but since a relative increase in passengers
is specified and stop 6 is not a very busy stop, the average
absolute increase is small. Again, the increase is for all trips
as can be seen in Figure 10 for individual trips. It can also
be seen that busier trips seem to get even busier (the rich
get richer effect), which may cause problems with regularity.
Regularity now seems to suffer as the procession of buses
is disrupted by the increase of dwell time. Even though we
only have an increase in dwell time, an average increase on
all stops can be seen as this effect propagates through the
system. Since a delay on some of the stops, due to passengers
getting in, is created, the difference in headway between
buses increases. The effect is however larger for already
busy buses. This is because there is a difference between trip
occupancy. The effect on regularity can be seen in Figure 11.
The effect even continues in the B-direction. As we are too
late in some cases for our trip in the B-direction, the effects
continues in that direction as well. As the last stop in the
A-direction has most alighting passengers, we start in the
B-direction with an even worse regularity.
8. CONCLUSIONS AND OUTLOOK
In this work, a hybrid agent-based and discrete event sim-
ulation model for a high-frequency bus line for the Arriva
bus company is developed. This hybrid approach can sim-
ulate an interacting environment of buses and passengers,
based on historical data. Insight is obtained in the effect on
bus punctuality, occupancy and regularity.
Different models of passenger growth can easily be anal-
ysed using the simulation and the effect on the aforemen-
tioned performance indicators are shown in a visually eas-
ily understandable manner. Two of these passenger growth
scenarios are shown and their effect on the KPIs become
apparent. With only a 10% increase of passengers on all
stops, on average, buses become close to capacity, especially
during rush hour. Furthermore, average punctuality suf-
fers by several seconds. With a 25% increase at a specific
stop, an even larger occupancy problem is seen on the spe-
cific route segments, especially in the A-direction towards
the stop. Moreover, this causes the bus to be less punctual
throughout the rest of the trip. Being able to easily con-
figure such scenarios helps policy makers to predict future
possible bottlenecks.
The main limitation of the model is the prediction of dwell
times using the current data available. The number of pas-
sengers is a limited predictor of dwell time as other factors
such as acceleration, deceleration of the bus, bus stop layout
and bus driver behaviour all affect dwell time. Furthermore,
travel time is a composite statistic based on many factors,
such as traffic lights and traffic situations. To actually pre-
dict these factors instead of drawing travel time from his-
torical data would improve the model’s predictive power.
Several assumptions on passengers are also made. This
includes the assumption that passengers in our data repre-
sent all passengers that travel by bus. Based on revenue
statistics we can say that this assumption is fair. However,
the distribution of arrival rates of passengers is assumed to
be Poisson distributed. This distribution may not hold in
off-peak hours due to a planned arrival of passengers.
Foreseeable extensions to the model are the addition of
multiple bus lines and the integration of more data. Pas-
sengers changing bus lines would be an important factor in
that extension. The best allocation of buses over these bus
lines, based on passenger demand can be found through that
extension. To optimize regularity, buses need to be evenly
spread out over the trip. Measures to prevent bus bunching
can be implemented as an extension to the model to opti-
mize bus occupancy. Further research into the integration
of measures to prevent bus bunching may help to prevent
regularity.
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APPENDIX
A. VISUALIZATION OF A SINGLE DAY
Figure 12: Visualization of a single day. Passengers can be seen next to the stops in green. Buses drive along
the route. Trip id’s and occupancy are shown above the buses.
B. DASHBOARD OF MULTIPLE SIMULATIONS
B.1 Global overview of KPIs
Figure 13: Dashboard overview. For multiple simulations, statistics are gathered on several KPIs and averages
are shown by stop.
B.2 Detailed view of a single KPI
Figure 14: Dashboard of a single KPI, namely punctuality. For each stop, punctuality is shown for every trip
of the day in both directions.
